Design flood estimation (DFE) is essential in the planning and design of hydraulic structures. In South Africa, outdated methods are widely applied for DFE. In this paper the potential of a continuous simulation modelling (CSM) approach to DFE in South Africa, using the daily time-step ACRU agrohydrological model, is investigated. The paper focuses on the links and similarities between the SCS-SA and ACRU models and the subsequent preliminary investigations that were undertaken to account for and incorporate the land cover classes, including land management practices and hydrological condition, of the SCS-SA model into the ACRU CSM approach. The approach to this study was to investigate how design volumes simulated by the SCS-SA model for various land management practices or conditions could be simulated by the ACRU model. Since peak discharge estimation in both models is directly dependent on simulated volumes, this preliminary study focused only on design runoff volumes, with subsequent investigations on peak discharge required in future research. In the absence of observed data, design runoff volumes and changes in design runoff volumes, as simulated by the SCS-SA model, were used as a substitute for observed data, i.e., as a reference, to achieve similar design runoff volumes and changes in design volumes in the ACRU model. This was achieved by adjusting relevant input parameters in the ACRU model to represent the change in management practice or hydrological condition, as represented in the SCS-SA model. Following a sensitivity analysis of relevant ACRU parameters, calibration of 2 selected parameters against SCS-SA CN values for selected land cover classes was performed. A strong linear relationship (R 2 = 0.94) between these ACRU parameters and SCS-SA CNs for selected land cover classes was found and consequently specific rules and equations were developed to represent SCS-SA land cover classes in ACRU. Recommendations are made to further validate and verify the approach and to further the development of a CSM system for DFE in South Africa.
INTRODUCTION
Design flood estimation (DFE) is essential in the planning and design of hydraulic structures such as culverts, dams and canals. This involves the assessment of flood risk by associating a flood event with a probability of exceedance or return period (Smithers, 2012; Kang et al., 2013) . Alexander (2002) and Smithers and Schulze (2003) highlighted the need for alternative approaches to DFE, or the development and improvement of conventional DFE techniques, after severe flooding in Southern Africa in 1999 and 2000. Smithers (2012) supports the comments of Alexander (2002) (Kusangaya et al., 2014) , which will impact on the estimation of design floods and reinforce the need for improved approaches to DFE. In addition, after a review of flood frequency estimation techniques and approaches in Europe, The European Cooperation in Science and Technology (COST, 2013) highlighted that in most countries flood frequency estimation is currently being undertaken using models which assume that historical records of flood flows or rainfall are stationary, i.e., the statistics of the distributions do not change with time. This emphasises the need to consider the effects of environmental change when estimating design floods.
DFE techniques for most countries can be grouped into two broad categories, which generally include approaches based on the statistical analysis of observed peak discharges and approaches based on event-modelling or continuous simulation modelling (CSM) using rainfall-runoff techniques (Boughton and Droop, 2003; Pathiraja et al., 2012; Smithers, 2012) . Approaches to DFE in South Africa are similarly classified into two groups based on: (i) the analysis of observed flood peaks, and (ii) rainfall-runoff based techniques (Smithers and Schulze, 2002; Smithers, 2012) , as depicted in Figure 1 .
The numerous benefits of the rainfall-runoff CSM approaches to DFE have been highlighted within much of the literature both locally and internationally, including, inter alia: Calver and Lamb (1995) ; Cameron et al. (1999) ; Smithers and Schulze (2002) ; Boughton and Droop (2003) ; Chetty and Smithers (2005) ; Brocca et al. (2011); Pathiraja et al. (2012) ; Smithers (2012) ; Smithers et al. (2013); Cu (2016) ; Lamb et al. (2016) and Smithers et al. (2016) . Examples of these benefits include the fact that actual climate information is input into a model which simulates the major processes which convert rainfall into runoff and therefore the antecedent soil moisture 94 is accounted for and not estimated or averaged. Furthermore, direct calibration of the CSM may not be necessary given an increased understanding of hydrological processes and catchment conditions, e.g., with reference to the ACRU model, parameters are linked to physical catchment characteristics and therefore no direct calibration is performed; however, the simulated results may then be verified against observed data. Subsequently, simulations in ungauged catchments are more specific, reliable and scientific, i.e., since model parameters are linked to catchment characteristics they may be more easily transferred to ungauged catchments in a more scientifically justifiable manner (Hrachowitz et al., 2013) . Finally, the method can account for the non-stationarity of the environment, i.e., in terms of land use change as well as changes in climate. Therefore, as alluded to by COST (2013) , the non-stationarity of data can be accommodated.
In identifying the benefits and potential of CSM, this paper focuses on the preliminary developments towards a CSM approach to DFE in South Africa. The model selected is the Agricultural Catchments Research Unit (ACRU) model (Schulze, 1995) since it is adapted to South African conditions and has been successfully used in pilot studies for DFE by Smithers et al. (1997) ; Smithers et al. (2001) ; Chetty and Smithers (2005) ; Smithers et al. (2007) ; and Smithers et al. (2013) . Currently, however, a widely-used rainfall-runoff technique used in practise is the event-based Soil Conservation Service -South African (SCS-SA) model which is an adaptation of the international SCS (1956) model (Schmidt and Schulze, 1987a) .
A brief review of both the SCS-SA and ACRU models highlights some of the major similarities and differences between the models. The review identifies that in terms of land cover information, the land cover classification used in the SCS-SA model accounts for different land management practices and hydrological conditions, which are not accounted for in the ACRU land cover classification schemes. Since the runoff response parameters used in the original SCS model were derived from observations, and the SCS-SA model is an accepted method of DFE in small catchments in South Africa (Schmidt and Schulze, 1987a; Schulze et al., 2004; SANRAL, 2013; Van Vuuren et al., 2013) , it was assumed in this study that the design runoff volumes simulated by the SCS-SA model are reasonable, and that the relative changes in design runoff volumes simulated by the SCS-SA model as a consequence of changes in land management practices or conditions are also reasonable. Based on these assumptions, the aim of the study by Rowe (2015) was to investigate how design volumes simulated by the SCS-SA model for various land management practices or conditions can be simulated by the ACRU model, and to derive classes in the ACRU classification schemes to account for land management practices and hydrological conditions. To achieve this several attempts were initially performed to link the ACRU soil textural inputs to SCS-SA soil inputs, i.e., soil response groups. These initial attempts, however, were unsuccessful and therefore a sensitivity analysis of simulated runoff volumes to relevant ACRU input parameters was conducted. This was performed in order to identify which parameters the ACRU model is most sensitive to in terms of DFE, and subsequently relevant parameters in the ACRU model were adjusted to represent the change in management practice or condition, as simulated by the SCS-SA model for SCS-SA soil response groups. Since peak discharge estimation in both models is directly dependent on simulated volumes, this preliminary study focused only on design runoff volumes, with subsequent investigations on peak discharge required in future research.
The objectives of the study reported in this paper are to: (i) review both the SCS-SA and ACRU models, (ii) discuss the attempts made to represent SCS-SA soil groups and land cover classes in the ACRU model, and (iii) present and assess trends, rules and equations that were developed in order to consistently simulate the relative hydrological impacts of management practices and hydrological conditions in the ACRU model, for selected land covers, which are similar to those estimated using the SCS-SA model.
HYDROLOGICAL MODELLING, RUNOFF PROCESSES IN THE SCS-SA AND ACRU MODELS AND UNCERTAINTIES
Two rainfall-runoff models, namely the SCS-SA and ACRU models, have received noticeable attention within South Africa. The similarities and differences between the two models are 
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investigated in this section. In addition, the uncertainties associated with hydrological modelling are briefly discussed and noted.
The most striking similarity between the SCS-SA and ACRU models is that they both use the SCS (1956) runoff equation, as represented in Eq. 1 (Schulze, 1995) , to estimate stormflow:
( 1) where Q is stormflow depth (mm); P is gross daily precipitation amount (mm); S is potential maximum soil water retention (mm), or the soil water deficit; and c is a regression coefficient, commonly referred to as the coefficient of initial abstraction.
The SCS-SA method, however, uses Eq. 1 to estimate stormflow for a single event, while the ACRU model uses Eq. 1 to simulate daily stormflow events. In addition, the manner in which S is computed differs considerably between the models. The SCS-SA model uses a simplified approach based on the soil and land cover, while the ACRU model disaggregates the soil water budget into its conceptual components in order to explicitly represent the processes that influence the soil moisture deficit prior to a daily rainfall event. These differences are detailed below, distinguishing between the runoff processes within both the SCS-SA and ACRU models.
Extensive effort has been expended on refining and developing the SCS-SA model for application in South Africa, by, inter alia, Schulze and Arnold (1979); Dunsmore et al. (1986) ; Schmidt and Schulze (1987a) ; Schmidt and Schulze (1987b); Schulze et al. (1992); . The model, which has been verified and accepted as a suitable method to estimate design flood volumes and peak discharges for small catchments (≤ 15 km2) in South Africa, is widely applied in practice (Schmidt and Schulze, 1987a; Schulze et al., 2004; SANRAL, 2013) . As with the original SCS (1956) model, S in the SCS-SA model is dependent on the soil type represented by soil response groups A -D, with Group A soils characterised by the highest infiltration and permeability rates and therefore the lowest stormflow potential, and vice versa for Group D soils, land cover, land management practices, hydrological condition and soil moisture status of the catchment (Schmidt and Schulze, 1987a) . Theoretically, the value of S can vary from zero to infinity; however, practical upper and lower limits of S have been defined as the permanent wilting point and porosity of the soil within a catchment. A catchment response index to rainfall, termed the runoff curve number (CN), was therefore introduced in order to transform the maximum soil water retention (S) into a CN value that varies within a more logical range of 0 to 100 (Schmidt and Schulze, 1987a) . The derivation of CNs in South Africa was based on the determination of CNs by the Soil Conservation Service (SCS, 1972) , with adaptations to South African conditions. The original SCS CNs (SCS, 1972) were obtained through calibration and interpolation from observed data. More details on the derivation of CNs and the adaptation of CNs for South Africa are available from Schmidt and Schulze (1987a) and Rowe (2015) . A table of CNs for selected agricultural, suburban and urban land covers was derived for use with the SCS-SA model (Schmidt and Schulze, 1987a) , an example of which is shown in Table 1 .
Therefore, in terms of S in the SCS-SA model, catchment conditions are integrated into a single parameter, i.e., the catchment CN, which accounts for soil properties, land cover, land management, hydrological condition and antecedent soil moisture content. Initial CNs may be adjusted to account for the antecedent soil moisture conditions. The median condition and joint association methods (Schmidt and Schulze, 1987a) , which used the ACRU soil moisture budgeting routines to estimate the antecedent conditions 30 days prior to large rainfall events, were a major improvement to the original moisture adjustment procedure introduced into the original SCS (1956) model. However, the estimation of S and the resultant stormflow remains highly dependent on the initial CN selected.
The daily time-step ACRU agrohydrological model (Schulze, 1995) is a well-established physical conceptual model, developed at the University of KwaZulu-Natal (UKZN), and applicable to a wide variety of water resource assessments within South Africa, including DFE. The model is conceptual since it is made up of idealised concepts and is physically based as physical processes are explicitly represented (Schulze et al., 1994) . A national database of default input information required by the model, e.g., climate data, soils and land cover information, has been compiled and regularly updated over several years through continual research contributions from the staff and postgraduate students at UKZN Schulze, 2013) . Simultaneously, continual refinement to the ACRU modelling system has also been undertaken, in terms of how processes are conceptualised. The various components of the hydrological cycle, as conceptualised within the ACRU model, are depicted in Figure 2 . In the ACRU model the following conceptual and practical refinements to the SCS runoff equation used in the SCS-SA model were performed (Schulze, 1995):
• Interception of rainfall by vegetation is abstracted separately and before the commencement of potential stormflow producing rainfall. Therefore, it is not part of the initial abstractions as assumed in the SCS and SCS-SA model. • The coefficient of initial abstraction may be altered month-by-month in the ACRU model, dependent on the characteristics of the vegetation and site, as well as the land management practices.
• S, conceived as a soil water deficit, is calculated by the multilayer soil water budgeting techniques of ACRU, thus avoiding the need for the determination of a final catchment CN. S is calculated as the difference between water retention at porosity and the actual soil water content prior to a rainfall event, after the total evaporation for the day has been abstracted. Soil properties are therefore represented in far more detail in the ACRU model and will be elaborated on in the following section.
• S is calculated for a selected critical response depth of the soil (SMDDEP). SMDDEP is dependent on, inter alia, the climate, vegetation and soil properties . The runoff generated is therefore strongly influenced by the SMDDEP and the moisture content of the soil prior to a rainfall event.
As an example, a low SMDDEP value results in a smaller S and therefore more runoff since the runoff generating soil store is smaller. • In addition, the daily Q at a catchment outlet is controlled by a quick flow response coefficient (QFRESP) which partitions the stormflow generated from a rainfall event, i.e., Q in Eq. 1, into a same day response fraction and a subsequent delayed stormflow response. QFRESP ranges from 0-1, if QFRESP = 1 all stormflow (Q) generated from a rainfall event exits the catchment on that day. If QFRESP is less than 1, only that fraction of Q exits the catchment on the same day and the remainder is added to the stormflow for the following day, and a faction (QFRESP) of this exits the catchment on the day. The residual rainfall, i.e., the rainfall that is not initially abstracted and is not intercepted and does not contribute to stormflow, infiltrates into the topsoil (A horizon) and replenishes the soil water store and eventually contributes to baseflow via a set of processes detailed by Smithers and Schulze (2004) . This contribution to the soil moisture store has a direct impact on S and consequently has a large influence on the amount of runoff generated on subsequent days. Total evaporation from the soil profile (Figure 2 ) also impacts on S and options and algorithms have been developed within the ACRU model to account for the contribution of total evaporation to the water balance and the associated S value . Vegetation properties for 5 landcover categories, namely, urban land uses, agricultural crops, natural vegetation, aquatic systems and commercial forests, as classified by Schulze and Hohls (1993) , have been developed and incorporated into a database called COMPOVEG, built into the ACRU model . The COMPOVEG database contains land cover specific ACRU parameters, at differing levels of detail, which is continually updated as new research findings are obtained. The land cover classification developed by Schulze and Hohls (1993) does not account for land management practice and hydrological condition. Clark (2014) is developing a standardised land cover/
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Conceptualised hydrological components and processes as structured in the ACRU model (From: Schulze, 1995) (2014), however, is adaptable and has been set-up to easily accommodate the addition of new classes as they are developed. More details on the current ACRU land cover classification, developed by Schulze and Hohls (1993) , and the new hierarchical classification, are available from Schulze (1995) and Clark (2014), respectively.
Uncertainties are inherent in all forms of hydrological modelling, including both the SCS-SA and ACRU models. Consequently, it is important to comment on the uncertainties associated with hydrological modelling. Hughes et al. (2015) emphasise this reality, stating that it is essential for all role players involved in water resource management and assessment to understand the key concepts of uncertainty and to remember that virtually all of the information used to make decisions is uncertain. Hrachowitz et al. (2013) and Pomeroy et al. (2013) comment on the Predictions in Ungauged Basins (PUB) initiative and refer to the uncertainties involved in hydrological modelling. In their comments, they state that the aim of the PUB decade has been to reduce the uncertainties in hydrological modelling and parameter estimation through increased understanding of the complex processes and interactions associated with the hydrological cycle. Hughes (2013) reviewed putting PUB into practice within South Africa and commented on the historical reliance of most hydrological models on calibration from observed streamflow data and rainfall data, i.e., where the data are often patched (in-filled) to generate complete time series. According to Hughes (2013), current hydrological simulation models are still reliant on calibration to estimate model parameters, and these calibrated parameters are often subjectively transferred from gauged catchments to ungauged catchments based on catchment similarity. Hughes (2013) also highlights the inconsistency in parameter estimation across South Africa, with different regions calibrating model parameters slightly differently, which adds to the uncertainties in hydrological modelling. Hughes (2013), therefore, states that improved communication between scientists and organisations is needed to collectively select and determine the most appropriate parameter values based on sound scientific knowledge and experience. These issues are extremely valuable to this study, where links between the ACRU and SCS-SA model parameters are investigated. It is therefore important to note that these concerns and comments regarding parameter estimation and uncertainties have been noted within this study and that every effort has been made to ensure that parameter estimations and adjustments are based on acceptable scientific theory and realistic conceptualisation of hydrological processes.
METHODOLOGY
This section contains a brief outline of the general methodology that was applied in this study. As reviewed in the previous section on hydrological modelling, the links and similarities between the SCS-SA and ACRU models were identified. It was highlighted that the land cover classification of the SCS-SA model accounts for differences in runoff responses that result from differences in land management practices and hydrological conditions (Table 1 ). This is not accounted for in the ACRU land use/land cover classification, as well as the classification being developed by Clark (2014). In the ACRU hierarchical classification, for example, a common row crop such as maize is represented by a single general class, i.e., 'Agriculture Commercial Maize Dryland Summer Rainfall Region'. Therefore, as a starting point, a decision was made to use the SCS-SA land cover classes to derive equivalent classes in the hierarchical classification for use in ACRU. By way of example, Table 1 contains information for a row crop land cover class in the SCS-SA classification and indicates that there are several subclasses based on different land management practices and hydrological conditions, i.e., straight or contoured rows, conservation practices, and conservation structures. Hydrological condition is represented by stormflow potential, i.e., high stormflow potential is representative of poor hydrological condition. Figure 3 summarises the general methodology and procedure followed in the study.
The following sections summarise the results of the study in a step-wise manner, starting with the various attempts made to achieve equivalence between the ACRU and SCS-SA soils inputs.
RESULTS
The objective of the soil translation is to identify and set values for the ACRU soil input parameters to represent each of the SCS-SA soil groups that will produce similar hydrological responses to those obtained for the SCS-SA model. By way of example, Figure  4 illustrates the trends in runoff volume calculated by the SCS-SA model for a Veld land cover, in fair hydrological condition, and shows the increasing runoff trend from an A to D soil in the SCS-SA model for different return period events. The 1-day design rainfall used is also depicted in Figure 4 .
The aim was to use these trends as a guide to which ACRU parameters may be used, to represent A to D soils in ACRU in order to achieve similar runoff responses for a similar veld/ grassland land cover in the ACRU hierarchical classification. The land cover information used in the ACRU model is derived from research and the expert knowledge of Schulze (2013). It is important to note that in this assessment a hypothetical catchment area of 1 km 2 was used in both the SCS-SA and ACRU model simulations, for comparison, assuming climatic and physical catchment conditions for a randomly selected quinary catchment in KwaZulu-Natal (KZN), Quinary V11L3, i.e., Quinary Number 4854, in the Quinary Catchments Database (QCD) (Schulze, 2013) . The daily rainfall file assigned to Quinary 4854 was used as the input into the ACRU model and the same daily rainfall file was used to calculate the 1-day design rainfall input values for the SCS-SA model. It is important to note that the design runoff volumes calculated by the SCS-SA model are obtained directly from the design rainfall values inputted to the model, i.e., based on the assumption that the return period of the design runoff volume simulated is the same as the return period of the input design rainfall. In contrast, the design runoff volumes output by the ACRU model are obtained by performing a frequency analysis on the daily simulated flows.
Initial approach
Initially three attempts were made to link SCS-SA soil groups to soil textural properties in the ACRU model. th and 75 th percentiles, were performed on all of the soil-related properties (PO, PWP, DUL and redistribution rates) required by the ACRU model, per SCS-SA soil group, and box and whisker diagrams were plotted. The median values of the soil-related properties were used as input into the ACRU model to represent each SCS-SA soil group, and simulations were performed. The simulations from the ACRU model were then compared to the corresponding simulations from the SCS-SA model. The analysis did not produce highly comparable results between the SCS-SA and ACRU model simulations, as shown in Figure 5 .
Furthermore, an inconsistent runoff trend was obtained for the ACRU simulations where runoff did not increase consistently from SCS-SA Soil Groups A to C/D, i.e., with no SCS-SA D soil group obtainable for the land type approach. Additionally, the relative differences in runoff responses between SCS-SA soil groups for the land type approach are significantly different to those of the SCS-SA results, as shown in Figure 5 .
In order to quantify and compare the significance of the comparison between the SCS-SA and ACRU simulation results for the various attempts from this point on, the following general classification rules were developed: (i) Highly comparable: the average absolute runoff depth difference ≤ 2 mm (ii) Comparable: 2 mm < average absolute runoff depth difference ≤ 6 mm (iii) Poorly comparable: 6 mm < average absolute runoff depth difference ≤ 10 mm (iv) Incomparable: the average absolute runoff depth difference > 10 mm The average absolute differences, i.e., the differences in the actual runoff simulation depths, between simulated SCS-SA and ACRU design runoff volumes (averaged for all return periods from 2-100 years) were calculated for each SCS-SA Soil Group A to D, for each of the soil translation attempts. The second attempt (binomial approach) was similar to the first attempt, and involved a review of the Binomial Soil Classification (MacVicar et al., 1977) and the texture classes and SCS-SA soil groups assigned per soil form and series, as reported by Smithers and Schulze (2004) . The soils in the Binomial Soil Classification were arranged by SCS-SA soil groups and the distribution of each soil texture class that made-up a SCS-SA soil group was tabulated. Furthermore, in the ACRU Theory Manual (Schulze, 1995) and ACRU User Manual , default soil-related properties required as input into the ACRU model have been assigned to soil texture classes, when only the soil texture class is known. Subsequently, the default soil-related properties were used with the distribution of texture percentages as weights to derive soil-related input values required by the ACRU model to represent each SCS-SA soil group. An inconsistent runoff trend was also identified for this attempt, i.e., with runoff not increasing consistently from assigned SCS-SA Soil Group A to D in the ACRU model. In addition, the analysis, although an improvement on the first attempt, did not produce highly comparable results between the SCS-SA and ACRU models.
The third attempt (calibration approach), which is the simplest of the three approaches, involved: (i) simulating runoff responses for each of the soil textural classes (sand -clay) available as input into the ACRU model, i.e., using default assigned soil-related properties built into the ACRU model, available as an option when inadequate soils information is available and only the soil texture class is known; (ii) arranging the simulated runoff volumes for each soil textural class in order of increasing runoff; and (iii) through selection/ calibration assigning a soil textural class to each SCS-SA soil group. The objective of this approach was to generate representative texture classes for each SCS-SA soil group which would produce the correct runoff trend of increasing runoff from assigned SCS-SA Soil Groups A to D. Through this approach, the inconsistencies in the runoff trends were overcome; however, the SCS-SA and ACRU runoff comparisons remained poor, as depicted in Figure 6 .
In summary and as depicted in Figure 6 for all three attempts, incomparable results were obtained for SCS-SA Soil Groups A and A/B and poorly comparable results obtained Based on the above findings, it was necessary to perform a sensitivity analysis of ACRU model input parameters, in order to identify which ACRU parameters the model is most sensitive to in terms of design flood estimates, with the objective being to identify additional ACRU parameters, i.e., in addition to the soil textural properties, that may be used to represent SCS-SA soil groups, hydrological conditions and management practices more adequately in the ACRU model. The following section elaborates on the sensitivity analyses conducted.
ACRU sensitivity analysis
The sensitivity analysis procedure described in the ACRU Theory Manual (Schulze, 1995) was applied in this study to investigate the sensitivity of the ACRU model to selected parameters in terms of design flood estimates. Based on previous sensitivity analyses presented in the ACRU Theory Manual and consideration of model parameters that are likely to influence runoff responses, the parameters as summarised in Table 2 were investigated.
The sensitivity analysis identified two model parameters that impact on design runoff estimates. The parameters are: (i) the QFRESP coefficient, which partitions stormflow generated from a daily rainfall event into a same-day response fraction and a subsequent delayed stormflow response; and (ii) the SMDDEP, which determines the critical response depth of the soil. It is important to note that adjusting the QFRESP parameter does not change the accumulated volume of surface runoff generated, but only influences the timing and magnitude of the daily runoff volumes. In contrast, adjustment of the SMDDEP parameter influences the volume of stormflow simulated. These parameters were used to investigate if they could be calibrated to represent SCS-SA soil groups/CNs. The sensitivity of the CAY, PCSUCO, VEGINT and COIAM parameters were also investigated but, as seen from Table  2 , these parameters were found to be insensitive, with the exception of the COIAM parameter which was found to be slightly sensitive.
The following section reports on the subsequent attempts made to represent SCS-SA soil groups/CNs in the ACRU model using the QFRESP and SMDDEP parameters.
Revised approach
For selected land cover classes, a manual calibration procedure was implemented to identify the most appropriate QFRESP and SMDDEP combination to be used, in addition to the soil textural properties assigned via the binomial classification approach, to represent each SCS-SA soil group. A veld land cover in fair hydrological condition was once again initially investigated for the same hypothetical 1 km 2 study catchment. The design runoff volume results simulated by the SCS-SA model and the ACRU model, i.e., with the optimised QFRESP and SMDDEP combination obtained from the calibration procedure, were highly comparable or just out of the highly comparable range, as seen in Figure 7 . Using the same approach, additional attempts were made to achieve comparable results for a veld in both fair and poor hydrological condition for the same hypothetical catchment, with predominantly highly comparable results being obtained (Figure 7) .
Although design flood volumes estimated using the ACRU model were found to be insensitive to the vegetation-related parameters (VEGINT, CAY, COIAM and PCSUCO), these were adjusted to account for land cover condition as recommended by Schulze (2013) for degraded veld in poor hydrological condition, with additional rules developed to represent a veld in good hydrological condition. These changes were made since, in reality, these parameters would be influenced by a change in management practice or hydrological condition. Since the changes, however, have a negligible influence on the design runoff volumes simulated in the ACRU model, adjustments to QFRESP and SMDDEP were once again performed to represent changes in the CN for hydrological condition.
The same calibration procedure and development of rules, as described above, was performed for a row crop/maize land cover, i.e., calibrating QFRESP and SMDDEP values to represent each of the SCS-SA row crop classes and soil groups within each class (Table 1) . The default ACRU model input values for a general maize crop planted in November, in all feasible locations within South Africa (COMPOVEG crop number 3120102), was used to represent a row crop/maize land cover in good hydrological condition and rules were developed to represent a row crop/maize land cover in poor hydrological condition. The results, similar to the results for a veld land cover (Figure 7) , revealed that in all cases the average absolute differences between the SCS-SA and ACRU design runoff volumes were small and were generally less than 2 mm, i.e., highly comparable, with a few exceptions where averages were greater than 2 mm but less than 6 mm, i.e., comparable.
To confirm that the calibrated values may be consistently applied at a different geographical location, the calibrated QFRESP and SMDDEP parameters found to represent SCS-SA soil groups best for a veld land cover in the KZN catchment, were then directly transferred and used to estimate design runoff volumes in Mpumalanga, i.e., with contrasting climatic and local conditions. This was repeated for the Western Cape where a veld land cover was again tested for consistency. In both cases the results, although not as good as the calibrated results from the KZN simulations, were all within the comparable range, with several still falling within the highly comparable range. The results therefore supported the general applicability of the calibrated results to different locations, when attempting to obtain similar hydrological responses to those obtained from the SCS-SA model. An additional calibration was conducted for a wheat/small grain land cover in the Western Cape, i.e., as an equivalent to maize in KZN. The calibrated results were once again in the comparable and highly comparable range.
The calibration results for the various land cover classes investigated were tabulated for each SCS-SA soil group. A multiple linear regression analysis was initially performed to identify any trends between SCS-SA CNs and ACRU QFRESP and SMDDEP parameters. 
The SCS-SA CNs and predicted CNs were plotted graphically, as depicted in Figure 8 , which visually emphasises the high correlation between SCS-SA CNs and ACRU-calibrated QFRESP and SMDDEP parameters. In addition, a t-test was performed on the SCS-SA and predicted CN values. The t-test confirmed, at the 95% confidence interval, that there is no significant difference between the two datasets, further emphasising the high correlation between the SCS-SA and ACRU calibrated results. Regression results, and generated equations and rules, similar to those presented in Eqs 2 and 3 and Table 3 to Table 6 , were then used to assist in the analysis of the design runoff results from a sugarcane land cover, to test the applicability of the regression results on a land cover class not used in the calibration procedure. The objective was to assess if the regression equation and initial rules generated would produce ACRU simulation results similar to those of the SCS-SA model for a sugarcane land cover class. The SMDDEP and QFRESP input values required to represent a SCS-SA sugarcane land cover class in the ACRU model, for each SCS-SA soil group, were obtained using an Table 4 and Table  6 , i.e., which are the revised rules and equations as detailed in the following section. A CN predictor equation, similar to Eqs 2 and 3, was used with rules, similar to those presented in Table 4 and  Table 6 , to determine the QFRESP and SMDDEP input values from the SCS-SA CN values. Some difficulty in simulating design runoff for a sugarcane land cover in the ACRU model was encountered; however, some additional rules were developed and the regression equation obtained was used to estimate parameter values in the ACRU model. The results were compared to those from the SCS-SA model and a discrepancy in the results was identified for SCS-SA Soil Groups A and C/D ( Figure  9 -KZN Sugarcane initial). The poorly comparable results obtained for SCS-SA Soil Group A, however, were expected and can be explained by briefly commenting on the difficulties encountered when attempting to represent CNs lower than 40 in the ACRU model. SCS-SA Soil Group A for a sugarcane land cover with conservation structures and partial cover has a CN value of 25. From the assessments performed and rules developed, CN values lower than 40 are not recommended since erroneous results are obtained. Consequently, a CN value of 40 was used to represent SCS-SA Soil Group A in ACRU and explains the poorly comparable results. The discrepancy related to SCS-SA Soil Group C/D was identified to be as a result of the anomalous soil textural properties assigned to this group, through the binomial approach. This discrepancy was addressed by repeating the above multiple linear regression analysis performed on the CNs of all the SCS-SA land cover classes investigated and the calibrated QFRESP and SMDDEP values that were obtained. In this case, however, two separate multiple linear regression analyses were performed on: (i) all SCS-SA soil groups excluding SCS-SA Soil Group C/D; and (ii) SCS-SA Soil Group C/D alone. Revised regression equations and rules were then developed for the former (Eq. 2 and Table  4 ) and the latter (Eq. 3 and Table 6 ). These rules and equations are applicable to all the land cover classes investigated within this study, with further validation and investigation needed to justify their use on additional land cover classes. For more details on the statistical analyses and the rules and equations derived refer to Rowe (2015) . The statistics listed in Table 3 were obtained for multiple linear regression (i) and Eq. 2 was derived to estimate 'predicted' CN values for given QFRESP and SMDDEP combinations for all SCS-SA soil groups, excluding SCS-SA Soil Group C/D.
The results presented in Table 3 show that the relationship is even stronger when omitting the results for SCS-SA Soil Group C/D. This is identified by the higher coefficient of determination (R 2 = 0.97) compared to the initial coefficient of determination of 0.94, as well as the smaller standard error of 1.80 compared to 2.66. In addition, the statistics for SCS-SA Soil Group C/D, as presented in Table 5 , also show a stronger relationship compared to the initial results for all SCS-SA soil groups.
Revised rules were determined for all SCS-SA soil groups, excluding SCS-SA Soil Group C/D, as shown in Table 4 . The rules as summarised in Table 4 Table 4 where an estimated SMDDEP value of 0.28 is calculated for an input CN value of 46, after rearranging Eq. 2 to solve for SMDDEP. For CNs ranging from 48-79, the rules state that SMDDEP must remain fixed at a value of 0.25 and Eq. 2 must be rearranged in order to solve for QFRESP. An example is shown for a CN value of 79, where the QFRESP value is calculated to be 1.00. For CN values greater than 79, the rules state that QFRESP must remain fixed at 1.00 and Eq. 2 must be rearranged in order to once again solve for SMDDEP.
The statistics listed in Table 5 were obtained for multiple linear regression (ii) and Eq. 3 was derived to estimate 'predicted' CN values for given QFRESP and SMDDEP combinations for SCS-SA Soil Group C/D.
In addition, the rules presented in Table 6 were determined for SCS-SA Soil Group C/D and are interpreted in the same manner as the results from Table 4 . This corrected the discrepancy in the results for SCS-SA Soil Group C/D ( Figure  9 -KZN Sugarcane revised) and produced comparable results between the ACRU and SCS-SA models for a sugarcane land 
DISCUSSION AND CONCLUSIONS
Several severe flooding events across South Africa in recent years and the potential impacts of climate change have highlighted the need for updating and refining DFE methods used in South Africa. The focus of this study was on the initial development of a CSM approach to DFE in South Africa using the daily time-step ACRU agrohydrological model. Following a review on hydrological modelling and the links and similarities between the SCS-SA and ACRU models, it was identified that in terms of land cover information, the land cover classification used in the SCS-SA model accounts for more detailed land management practices and hydrological conditions, which are not accounted for in the current ACRU land cover classification, as well as the standardised hierarchical classification system developed by Clark (2014) .
Since the CNs used in the original SCS model were derived from observations, and the SCS-SA model is an accepted method of DFE in small catchments in South Africa (Schmidt and Schulze, 1987a; Schulze et al., 2004; SANRAL, 2013) , it was assumed in this study that the design volumes simulated by the SCS-SA model are reasonable, and the differences in design volumes simulated by the SCS-SA model as a consequence of changes in land management practice or condition are also reasonable. Based on these assumptions, the general approach to the study was to investigate how design volumes simulated by the SCS-SA model for various land management practices or conditions could be simulated by the ACRU model, and to derive rules and equations that may be applied to achieve this goal.
A summary of the procedures applied, results obtained and preliminary rules and equations derived from this study are presented in this paper. Further details, including a comprehensive summary table on how to implement the approach, are available from Rowe (2015) . The rules and equations derived in this study are best preliminary estimates based on the results obtained in this initial study. Further investigation and validation of the approach is needed and recommended, including the analysis of additional land cover classes, further independent verification at different geographical locations, assessment of the approach for a range of catchment sizes and conditions, as well as verification of the simulated results against observed data. An additional critical step required for design flood estimation is an investigation and assessment of the simulated peak discharge, i.e., translation of flood volume to peak discharge, as both peaks and volumes are essential to DFE.
